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ABSTRACT 
Industrial agglomeration (IA), a common industrial phenomenon, has been verified to have a 
significant impact on total factor productivity (TFP) in many industries. However, the impact of 
IA on TFP is seldom investigated in the construction industry, despite the existence of the indus
trial agglomeration phenomenon in the construction industry. As such, this study aims to probe 
into the impact of IA on TFP in the construction industry, so as to provide new insights into the 
industry development and improvement of TFP in the construction industry. Based on the com
peting results of the agglomeration effect and congestion effect caused by IA, this study pro
posed three hypotheses on the impact mechanism of IA on TFP in the construction industry. 
Then, the non-linear regression model and linear regression model were developed to test the 
hypotheses based on the provincial panel data from 2002 to 2017 in China. The empirical results 
reveal that IA has a positive linear impact on TFP in the construction industry, and the impact 
of IA on TFP in the Chinese construction industry during the observed period is in the embry
onic stage. Besides, both the firm scale and economic development level have positive impacts 
on TFP, whereas the specialization structure has a negative impact. Hence, the government can 
encourage industrial agglomeration in the construction industry to enhance TFP, in order to 
leverage the knowledge spillovers, labor pool, and other benefits from IA.   
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Introduction 

The construction industry is always regarded as a pillar 

of rapid economic growth in China (Zhan and Pan 

2020), as it accounted for 7.16% of the National Gross 

Domestic Product (GDP) (around 1141.65 billion dol

lars), ranking 5th among all the 19 industries in 2020 

(NBSC 2021). However, the productivity of the con

struction industry is poor in China (F. Yuan et al. 

2020a), which can be attributed to the labor-intensive 

and resource-intensive development pattern of the 

construction industry (J. Zhang et al. 2021a). 

Nowadays, the construction industry is facing a chal

lenge to reduce the negative impact on the labor and 

environment while maintaining economic growth 

under the constraint of resources (J. Zhang et al. 

2021a). Therefore, the improvement of total factor 

productivity (TFP), a representative concept of high- 

quality growth for economics (Chen et al. 2017, Ye 

et al. 2019; Y. Wang et al. 2020), is urgent for the 

government to facilitate the future development in 
the construction industry (Zhan and Pan 2020). 

The impact factors of TFP should be identified con
cerning about enhancing the productivity of the con
struction industry in China (Zhan and Pan 2020). 
Previous studies have identified different impact fac
tors at different levels, ranging from country, industry, 
firm to project levels, which mainly include the coun
try’s economic development, the industry’s market 
structure, technology and labor development, the 
firm’s strategy, and the construction project manage
ment level (Zhan and Pan 2020, Azman et al. 2022). As 
for the country’s economic level, such indexes as GDP 
and consumer price index have become well- 
recognized influencing factors (Chen et al. 2017, Zhan 
and Pan 2020). In the industry level, the market struc
tures, such as scale structure, ownership structure, 
specialization-division structure, etc. also have an 
impact on TFP (B. Liu et al. 2015, Chen et al. 2017). 
Besides, the power equipment rate and expenditure 
on research and development representing the level 
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of technology innovation (D. Tan et al. 2015, Chen 
et al. 2017) and the quantity of labor (Ye 2019, Zhan 
and Pan 2020) and the skill level of labor (Zhan and 
Pan 2020) representing the industry labor develop
ment level, are all been found having impacts on 
productivity. From the perspective of firm’s strategies, 
the product diversification and internationalization of 
domestic firms have been verified as the influence fac
tors (Azman et al. 2021, Azman et al. 2022). Regarding 
the construction project management-related factors, 
subcontracting management (Zhan and Pan 2020), 
cost control and quality control (Arditi and Mochtar 
2000), etc. have been found to influence TFP. 

However, the impact of industrial agglomeration 
(IA), a common industrial phenomenon, has been sel
dom discussed in the construction industry, despite 
various factors have been identified. IA means that the 
firms in an industry or different industries are geo
graphically clustered, which has been verified to have 
a significant impact on TFP or productivity in the man
ufacturing industry (Batisse 2002, Widodo et al. 2014), 
textile industry (Lin et al. 2011) and tourism (Kim et al. 
2021), etc. Besides, these studies also identify the 
agglomeration effect and congestion effect caused by 
IA, which impose positive effect or negative effect on 
productivity. Thus, the net impact on productivity 
depends on the competition between these two con
trary effects in different stages of the agglomeration 
life cycle (Potter and Watts 2011), probably displaying 
a negative linear (Batisse 2002) or positive linear 
(Widodo et al. 2014, Kim et al. 2021) or non-linear 
invert U-shaped relationship (Lin et al. 2011) between 
IA and productivity. Although the impact of IA on TFP 
in the construction industry is seldom investigated, 
the concentration of contractors found in previous 
studies revealed the existence of IA phenomena in the 
construction industry (McCloughan 2004, Zhao et al. 
2017). Besides, the formation of industrial agglomer
ation is an important part of industry development 
which is concerned with the policies and strategies 
proposed by the government (Zheng and Lin 2018). 
Therefore, an exploration of the impact of IA on TFP 
in the construction industry is appealed to provide 
guides for the government and practitioners to effect
ively draw a plan for the development of the construc
tion industry, so as to improve TFP in a more 
targeted manner. 

As such, this study aims to verify the impact of IA 
on TFP in the construction industry and investigate 
the related impact mechanism. First, competing 
hypotheses about the relationship between IA and 
TFP have been proposed. Then, the location quotient 

(LQ) and F€are-Primont DEA approach were adopted to 
measure IA and TFP respectively. After that, the pro
vincial panel data of the construction industry in 
China from 2002 to 2017 were collected and both the 
non-linear model and linear regression model were 
established to test the hypotheses. Finally, several sug
gestions were proposed to improve TFP in the con
struction industry based on the empirical results 
in China. 

The remainder of this paper is structured as fol
lows. Literature review and hypotheses development 
are conducted in the next section. Section “Methods 
and data” presents the selected methods and data. 
Section “Results and discussions” reports the empir
ical findings and the corresponding discussions. 
Conclusions and policy implications are summarized 
in the final section. 

Literature review and hypotheses 
development 

Industrial agglomeration: concept and 
measurement 

Industrial agglomeration (IA) has generally been 
defined in two ways. One defines this phenomenon as 
that the firms in the same industry are geographically 
clustered, leading to Marshallian externalities (localiza
tion economies); while the other one defines the IA as 
the geographical agglomeration of firms from different 
industries, which results in Jacobs externalities (urban
ization economies) (Jacobs 1969, Marshall 1890). 
Focusing on a single industry (i.e. construction indus
try), the current study defines industrial agglomeration 
in the construction industry as that construction firms 
are geographically clustered in a certain region based 
on the first general definition (McCloughan 2004, 
Zhao et al. 2017). 

Several indicators have been applied to measure 
the degree of IA, such as Concentration Ratio (CR), 
Herfindahl-Hirschman index (HHI), Ellison–Glaeser 
index (EG), and Location Quotient (LQ). The k-firm CR 
denotes the total market shares of the top k firms in a 
certain industry (McCloughan 2004). The HHI quanti
fies the IA level based on the quadratic sum of the 
market shares of all firms in a certain region 
(Hirshman 1964). EG combines both industrial and 
firm-level data to measure the IA more accurately 
based on the division of the estimated spatial HHI for 
a given industry to the expected value of HHI, which 
can eliminate the random effect of specific firms’ loca
tions (Ellison and Glaeser 1997, Rivera et al. 2014). 
However, the above three indicators all require 
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available firm-level survey data, while it is difficult and 
time-consuming to conduct large-scale research across 
the whole country in China. 

In contrast, the location quotient (LQ) is advanta
geous here as it can measure the IA degree at a larger 
geographical level without requiring detailed firm-level 
data. The LQ is an analytical statistic that measures a 
region’s industrial agglomeration relative to a larger 
geographic unit. The LQ is measured by comparing an 
industry’s share of some economic statistic (e.g. earn
ings, GDP, employment, etc.) in a specific region with 
its share of the same statistic in a country (Zhao et al. 
2017, H. Yuan et al. 2020b, Kim et al. 2021). Recently, 
LQ has been adopted to measure the degree of IA in 
the tourism industry (Kim et al. 2021), manufacturing 
industry (H. Yuan et al. 2020b), construction industry 
(Zhao et al. 2017), etc., denoting its practicality and 
applicability in measuring the level of IA. Therefore, 
the current study adopted LQ to measure the degree 
of IA in the construction industry. 

Total factor productivity: concept and 
measurement 

Total factor productivity (TFP) is applied to express 
output as a function of all major inputs. Compared 
with partial productivity (e.g. labor productivity), TFP 
has been regarded as an ideal concept for an in-depth 
productivity analysis (X. Wang et al. 2013, Vogl and 
Abdel-Wahab 2015, Chancellor and Lu 2016, X. Hu and 
Liu 2017, Zhan and Pan 2020) because it can take 
other resources (e.g. materials and capital) into the 
calculation process (Zhan and Pan 2020). 

The measurement methods for TFP can be divided 
into the parametric method and non-parametric 
method which are represented by Stochastic Frontier 
Analysis (SFA) and Data Envelopment Analysis (DEA) 
respectively (X. Wang et al. 2013, X. Hu and Liu 2017, 
Y. Wang et al. 2021). The application of SFA requires 
setting the specific form of production function in 
advance, which is difficult to meet the objective situ
ation (X. Hu and Liu 2017). Thus, the results of SFA 
may be sensitive to the choice of function form and 
less reliable if sample sizes are small (O’Donnell 2014). 
But SFA can accommodate errors of approximation 
and other sources of statistical noise (O’Donnell 2014). 
DEA is to identify the relative efficiency of each point 
(i.e. decision-making unit) according to the distance 
between the point and the frontier that envelopes all 
the data points (Azman et al. 2022, Chancellor and Lu 
2016). Although DEA shows weakness in terms of dis
tinguishment inefficiency from noise, the application 

of DEA does not require any explicit assumptions or 
the functional form of unknown production frontier 
compared with SFA (O’Donnell 2014). Therefore, DEA 
was chosen as the basic measurement method in 
this study. 

For measurement based on the DEA technique, 
there are two processes to calculate TFP, i.e. 
Malmquist-based DEA and F€are-Primont DEA 
(Chancellor and Lu 2016, Azman et al. 2019). Although 
Malmquist-based DEA has been widely applied to esti
mate the changes in productivity in the construction 
industry (Xue et al. 2008, X. Wang et al. 2013), F€are- 
Primont DEA has several advantages over Malmquist- 
based DEA (Azman et al. 2019). First, F€are-Primont 
DEA can be decomposed into input-oriented or out
put-oriented measures, providing detailed insights on 
productivity analysis (Chancellor and Lu 2016). Second, 
the establishment of F€are-Primont DEA fits all eco
nomical axioms and tests based on index number the
ory, thus it can be applied to multi-temporal and 
multi-lateral comparisons (Widodo et al. 2014, 
Chancellor and Lu 2016). Moreover, F€are-Primont DEA 
has been widely adopted to measure productivity at 
the industrial level (Chancellor and Lu 2016), which 
denotes the practicality and applicability to the cur
rent study. As such, F€are-Primont DEA was adopted to 
measure the TFP in the construction industry in 
this paper. 

The effect of industrial agglomeration on total 
factor productivity in the construction industry 

Previous studies have revealed that industrial agglom
eration imposes both the agglomeration effect and 
congestion effect on productivity (Broersma and Van 
Dijk 2008, Ushifusa and Tomohara 2013, C. Hu et al. 
2015, J. Liu et al. 2017). The former brings about local
ization externalities which can improve productivity, 
but the latter may offset the benefits (C. Hu et al. 
2015). Therefore, the impact of IA on TFP in the con
struction industry depends on the competing results 
of the agglomeration effect and congestion effect. 

Agglomeration effect of industrial agglomeration in 
the construction industry 
According to Marshall (1890), the economics of scale 
which results from localization economies provides an 
economic rationale for the benefits of agglomeration, 
such as knowledge spillovers, labor market pooling, 
and input-output linkages, thus leading to the 
improvement of productivity. 
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First, knowledge spillovers occur through formal 
and informal interactions among firms and individuals 
(e.g. face-to-face meetings, open-day events, shared 
training, etc.) within the industrial district (Marshall 
1890, Connell et al. 2014, C. Hu et al. 2015). The 
construction industry can be regarded as a know
ledge-based industry because employees need to 
solve various problems in different construction proj
ects based on experience rather than easily “copy and 
paste” practice (Pathirage et al. 2007, Bakar et al. 2016). 
Therefore, the knowledge spillovers contribute to the 
improvement of TFP of the construction industry by 
the quick response of employees to the environment 
and reducing the cost of solving problems (Z. Wang 
and N. Wang 2012, Zhan and Pan 2020). 

Second, IA can also cluster labor when firms situate 
in a certain area, forming a labor pool (Marshall 1890). 
As a labor-intensive industry, the construction industry 
significantly depends on the quantity and the skill 
level of the workforce to enhance productivity (El- 
Gohary and Aziz 2014, Zhan and Pan 2020). Employers 
can lower the risks of job vacancies and reduce the 
cost of searching for skilled labor due to a large num
ber of workers in the market (Combes and Duranton 
2006, C. Hu et al. 2015). Besides, the employees can 
also lower the relocation cost when they want to 
leave the original firms that are incompatible with 
their prospects (Combes and Duranton 2006). The 
labor pool benefits the improvement of TFP in the 
construction industry as it can promote frequent job 
matchings between employees and employers (C. Hu 
et al. 2015). 

Third, input-output linkages refer to the ease of 
sharing inputs and outputs due to the proximity of 
suppliers, producers, and consumers within a cluster, 
thus saving transport costs (Marshall 1890, Kim et al. 
2021). The transportation costs of material conquer a 
large proportion of the project cost, reaching 39–58% 
of total logistics costs and 4–10% of the product sell
ing price in the construction industry (Ying et al. 
2018). The formation of IA can attract upstream and 
downstream industries to cluster in the same region, 
which makes it easy for construction firms to find trad
ing partners and save on trade costs (Huo et al. 2020). 

Congestion effect of industrial agglomeration in the 
construction industry 
Although the agglomeration effect has been verified 
in extensive studies, IA can also cause congestion 
effect due to excessive agglomeration, hindering the 
improvement of productivity (Broersma and Van Dijk 
2008, Ushifusa and Tomohara 2013, C. Hu et al. 2015, 

J. Liu et al. 2017). The congestion effect can be 
reflected in two aspects: excessive competition and 
infrastructure burden (Rizov 2012). 

Excessive competition for both projects and pro
duction resources will arise as the scale of IA contin
ues to expand (X. Liu and Zhang 2021). First, the 
excessive competition will lead to an overate of effect
ive demand for the construction market due to the 
imbalance of supply and demand side, resulting in the 
underrate productivity of construction firms (Liao 
2010). Second, market disorder and unhealthy compe
tition in the project bidding will occur due to exces
sive competition, such as low-price bidding, loan 
construction, and bid rigging, which turn in a low- 
profit rate for construction firms (Zeng et al. 2005, 
Liao 2010, X. Liu and Zhang 2021). Third, the costs of 
labor will increase resulting from higher wages driven 
by excessive competition among firms for skilled labor 
(Yang 2016). Moreover, excessive agglomeration also 
leads to an increase in the price of other resources 
(e.g. rents of equipment and land price, etc.) (Rizov 
2012, J. Liu et al. 2017). Thus, the excessive competi
tion resulting from the congestion effect will hinder 
the improvement of TFP in the construction industry, 
due to the disorder of the market and increasing pro
duction costs. 

Besides, excessive agglomeration will overburden 
the city infrastructure, leading to the side effects such 
as traffic jams (Broersma and van Dijk 2008). It is rec
ognized that excessive agglomeration will cause traffic 
jams which reduce accessibility and increase the com
mute times among different places (Higgins et al. 
2019). For example, Broersma and Van Dijk (2008) 
found that the declining labor productivity growth of 
Dutch firms is caused by frequent traffic congestion. A 
similar conclusion has been drawn in Indian firms and 
more evidence was provided which was the favorable 
effect of the improvements in access to the market 
through linking the inter-regional infrastructure (Lall 
et al. 2004). Given that transportation is important to 
the implementation of construction projects as 
described above, the infrastructure burden caused by 
the congestion effect does harm to the enhancement 
of TFP in the construction industry. 

The competing results of the agglomeration effect 
and congestion effect 
As described above, the IA can bring up the agglom
eration effect to improve TFP in the construction 
industry, but it can be associated with several disecon
omies of congestion effect. The agglomeration life 
cycle model proposed by Potter and Watts (2011) 
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denotes the evolution of industrial agglomeration over 
time in different stages of the industry life cycle, lead
ing to the results from agglomeration economics to 
dispersion economics. Thus, according to the agglom
eration life cycle model and the previous empirical 
studies (Potter and Watts 2011, C. Hu et al. 2015, J. Liu 
et al. 2017, H. Yuan et al. 2020b), this study proposed 
that the beneficial agglomeration effect occurs initially 
and dominates the early stage of the agglomeration 
life cycle in the construction industry, then the con
gestion effect appears and offsets the positive exter
nalities from agglomeration effect gradually as the 
development of industrial agglomeration. Finally, the 
congestion effect outweighs the agglomeration effect 
and diminishes TFP in the construction industry. 

Given that the competition between the agglomer
ation effect and congestion effect will lead to different 
net impacts on TFP at different stages of the develop
ment of industrial agglomeration (C. Hu et al. 2015, J. 
Liu et al. 2017, H. Yuan et al. 2020b), the current study 
divides the impact of IA on TFP of the construction 
industry into two stages, i.e. embryonic stage and 
recession stage, according to the net effect. The 
embryonic stage is dominated by the agglomeration 
effect, as such, the industrial agglomeration will have 
a positive net impact on the improvement of TFP; 
while the recession stage is dominated by the conges
tion effect, as such the industrial agglomeration will 
have a negative net impact on the improvement 
of TFP. 

Combining the theoretical and empirical analysis 
together, the impact mechanism of IA on TFP in the 
construction industry and the development of hypoth
eses are shown in Figure 1. The relationships between 
IA and TFP are different at different stages (i.e. embry
onic or recession stage). Accordingly, the following 
hypotheses are proposed:  

Hypothesis 1 (H1): The IA has a positive impact on 
TFP in the construction industry, which means that 
the impact of IA on TFP is in the embryonic stage. 

However, with the development of IA, the conges
tion effect will outweigh the agglomeration effect, 
when the impact of IA on TFP enters the recession 
stage at which the negative relationship between IA 
and TFP occurs. Accordingly, the hypothesis 
is proposed:  

Hypothesis 2a (H2a): The IA has a negative impact on 
TFP in the construction industry, which means that 
the impact of IA on TFP is in the recession stage.  

If the time span of the data is long enough, the 
presented relationship of IA and TFP may show an 
inverted “U” shape, which can display the evolution of 
impact of IA on TFP from the embryonic stage to the 
recession stage. Therefore, the other sub-hypothesis 
is developed:  

Hypothesis 2b (H2b): There is a non-linear inverted 
“U” shape relationship between IA and TFP in the con
struction industry, which means that the impact of IA 
on TFP is in the recession stage. Such that when the 
level of IA crosses the turning point, the negative con
gestion effect dominates the impact, leading to the 
decrease in TFP.  

Methods and data 

The hypotheses proposed above pay more attention 
to the trend of the relationship between IA and TFP, 
i.e. positive correlation, negative correlation, and the 
existence of a turning point. Specifically, positive cor
relation and negative correlation mean that there is a 
linear relationship between IA and TFP, but the 

Figure 1. The impact mechanisms of IA on TFP and hypotheses development.  
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existence of a turning point refers to the non-linear 
relationship between IA and TFP. Thus, this study 
designs a two-step method to test the proposed 
hypotheses, with the non-linear regression model or 
linear regression model developed in each step. Since 
the relationship between IA and TFP is either linear 
(H1 and H2a) or non-linear (H2b), the non-linear regres
sion model is developed firstly to test H2b. If the H2b is 
valid, the H1 and H2a will not be tested. Otherwise, it 
will enter the next step to verify whether H1 or H2a is 
valid through the linear regression model. The 
research flow of this study is shown in Figure 2. 

Regression model 

Non-linear regression model 
To test the non-linear relationship between IA and 
TFP, previous studies have applied the curvilinear ana
lysis (Y. Zhang et al. 2021b) and threshold regression 
model (Zheng and Lin 2018). The former method 
needs to set the specific forms of function between 
the dependent variable and independent variable in 
advance and test the applicability of different func
tions (Y. Zhang et al. 2021b), but the latter does not 
need to set the function in advance to solve the nonli
nearity among variables, which can establish different 
regression models within different threshold intervals 
via threshold test (Hansen 1999, Zheng and Lin 2018). 
The inverted U-shaped non-linear relationship 
hypothesized in H2b will be supported once there is 
one or more than one turning points (corresponding 
to the threshold in the threshold regression model) 
discovered between IA and TFP, with no need to 

decide the specific function between IA and TFP in 
advance. Hence, the threshold regression model was 
selected to test the hypotheses because it could test 
the existence of turning points rather than 
the function. 

The non-dynamic balanced panel threshold regres
sion model proposed by Hansen (1999) not only fully 
considered the time series and richness of the sample, 
but also applied bootstrap method to test whether 
there is threshold effect. As such, following the empir
ical model adopted by Widodo et al. (2014) and 
Hansen (1999), the logarithmic forms of IA and TFP 
were selected as independent and dependent varia
bles respectively. The non-linear threshold regression 
model was developed as follows: 

ln TFPit ¼ b1ln IAit � 1 IAit � cð Þ þ b2ln IAit � 1 IAit > cð Þ

þ bj

Xn

j¼3
ln Xj, it þ #it þ eit ,

(1) 

where subscripts i and t represent province and year 
respectively; bjðj ¼ 1, 2, . . . , nÞ represents the elasticity 
values of independent variables and control variables; 
c refers to the threshold value; X represents a series of 
control variables; #it and eit represent the individual 
intercept term and the error term respectively. And 
1ð�Þ is an indicative function and takes 1 or 0 depend
ing on whether the expression in the bracket is valid. 

The null hypotheses H0: b1 ¼ b2 was proposed to 
test whether there is a threshold effect, and Hansen 
(1999) established the likelihood ratio test (LR) statis
tics as follows. 

LR ¼
ðSSR� � SSR ĉð ÞÞ

SSR ĉð Þ=NðT � 1Þ
, (2) 

Figure 2. Diagram of research flow.  
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where SSR� is the residual quadratic sum of the model 
when the threshold does not exist. SSRðĉÞ is the 
residual quadratic sum of the model when there is a 
threshold. Also, Hansen (1999) proposed the bootstrap 
method to simulate progressive distribution of F-statis
tic and determine the threshold value of LR. If the null 
hypothesis is true, there is no threshold effect, other
wise there is threshold effect. Then, continuing to test 
the threshold and carrying out the regression model 
in each threshold interval. 

Linear regression model 
The linear regression model was used to test the lin
ear relationship between IA and TFP. Similar to the 
establishment of the non-liner regression model, the 
logarithmic forms of IA and TFP were selected as inde
pendent and dependent variables respectively 
(Widodo et al. 2014, Hansen 1999). The linear regres
sion model established in this paper was specified as: 

ln TFPit ¼ b1ln IAit þ bj

Xn

j¼2
ln Xj, it þ eit: (3)  

If there are unobservable fixed effects of province 
and time, the error term in the model is: 

eit ¼ di þ ct þ lit , (4) 

where di and ct represent fixed effects of province 
and time respectively, and lit refers to the ran
dom error. 

Variables 

Dependent variable: total factor productivity (TFP) 
TFP level and TFP index are two commonly used indi
cator for TFP, with the former referring to the TFP 
value in one data point and the latter referring to the 
change of TFP value between two data points 
(O’Donnell 2012). The promotion of the TFP level 
rather than the TFP index is beneficial to the develop
ment of the construction industry in the early stage, 
especially in a situation of low productivity (Hasan 
et al. 2018). Thus, the TFP level was chosen as the 
dependent variable and was measured by the F€are- 
Primont DEA approach. TFP can be defined as the 
ratio of aggregate output to an aggregate input 
(O’Donnell 2012), which is shown in Eq. (5). 

TFPit ¼
Qit

Xit
, (5) 

where Qit ¼ QðqitÞ denotes an aggregate output and 
Xit ¼ XðxitÞ denotes an aggregate input. 

Then, it is necessary to select the indicators to 
measure the input and output. Regarding the input 
indicators, most of the studies select two input 

indicators (i.e. labor and capital), which are the repre
sentative elements during the production process 
(Chancellor and Lu 2016). Besides, the intermediate 
inputs, such as materials, energy, and services 
(Ruddock and Ruddock 2011), are also important input 
indicators. However, according to Y. Wang et al. 
(2021), when measuring input, more studies choose to 
ignore the intermediate inputs rather than taking 
them into consideration due to the data availability. 
Thus, based on previous studies, only labor and capital 
are chosen as the input indicators in this study, with 
the number of employees measuring the labor and 
the net value of fixed assets measuring the capital (W. 
Tan 2000). 

In terms of output, total output value and total 
value added were the most selected output indicators 
(Ye et al. 2019, Y. Wang et al. 2020, 2021). The total 
output value of the construction industry is the sum 
of construction products produced by construction 
firms in monetary terms during an observed period, 
which includes the value generated by upstream 
industries and the added value in construction pro
duction activities (NBSC 2003–2021). The total value 
added of the construction industry refers to the net 
value of production and operation activities in monet
ary terms during an observed period, which excludes 
the value generated by upstream industries (Xue et al. 
2008). Therefore, the total output value will enlarge 
the real output without considering intermediate 
inputs on the input side (Y. Wang et al. 2020). 
Corresponding to the input selections, the total value 
added was selected as the output indicator because it 
can avoid the double-counting of intermediate prod
ucts from upstream industries (W. Tan 2000, Xue et al. 
2008, Ye et al. 2019). Finally, we input the dataset into 
DPIN (version 3.0) to obtain the TFP level. 

Independent variable: industrial agglomeration (IA) 
According to the literature review, the location quo
tient was selected to denote the level of IA and the 
calculation of IA can be expressed as (Zhao et al. 
2017, Kim et al. 2021): 

IAit ¼
Cit=GDPit

Pn
i¼1 Cit=

Pn
i¼1 GDPit

, (6) 

where Cit is the total value added of the construction 
industry of i province in t year, and 

Pn
i¼1 GDPit means 

the sum of all industries’ GDP:

Control variables 
Various factors which have impacts on TFP have been 
identified from different aspects, such as market 
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structure, technical progress, construction manage
ment, economic development, etc. as mentioned in 
the Introduction Section. Although selecting more 
control variables tend to improve the fitting degree of 
the regression model, it will reduce the degree of free
dom of the model. Therefore, considering the data 
availability and the results of previous research, six 
control variables, which have been regarded as the 
important impact factors on TFP in previous studies, 
were selected as follows: 

Firm scale (FS), measured by the ratio of the total 
output value of the construction industry to the num
ber of construction firms (B. Liu et al. 2015, Chen et al. 
2017); Market ownership structure (MOS), measured by 
the ratio of the number of state-owned firms to the 
number of all firms (B. Liu et al. 2015, Chen et al. 
2017). Specialization Structure (SS), which refers to the 
ratio of the number of general contractors to the 
number of specialty contractors (B. Liu et al. 2015, 
Chen et al. 2017); Power equipment rate (PER), meas
ured by the ratio of the total power of owned machin
ery and equipment 1to the number of all construction 
workers at the end of the year (D. Tan et al. 2015); 
Management level (ML), which is measured by the pro
portion of total management fees to the total output 
value of the construction industry (Arditi and Mochtar 
2000); and Economy development (ED), i.e. per capita 
GDP (Chen et al. 2017). 

Data source 

The Chinese government has adopted a new statistical 
standard for the China Statistical Yearbook regarding 
the construction industry since 2002. The coverage of 
the new standard includes all the general contractors 
and subcontractors firms rather than all the construc
tion firms with qualification criteria at or above Class 
42 (NBSC 2003–2018). Besides, the data on the total 
value added of the Chinese construction industry at 
the provincial level have not been updated since 
2018. In order to ensure the consistency and integrity 
of data, this study collected panel data of 31 provin
ces3 in China (excluding Hong Kong, Macau, and 

Taiwan due to lack of data) from the “China Statistical 
Yearbook” and “China Statistical Yearbook on 
Construction” issued by National Bureau of Statistics 
of China from 2002 to 2017 (NBSC 2003–2018). Thus, 
the sample in this study includes the data of regis
tered firms in each province, which were used to rep
resent all the firms that carry out construction projects 
in that province, i.e. the population in this study (cf. 
Xue et al. 2008, Chancellor and Lu 2016, Chen et al. 
2017). The variables and their statistical descriptions 
are summarized in Table 1 and the spatiotemporal 
changes of the dependent variable (TFP) and inde
pendent variable (IA) are shown in Figures 3 and 4. 

As shown in Figures 3 and 4, the level of IA and 
TFP present several drastic changes during the 
observed period and deviations among different prov
inces, which is suitable for the analysis. 

Results and discussions 

The test of hypothesis H2b: non-linear relationship 

In order to test the non-linear relationship between IA 
and TFP as hypothesized in H2b, a panel threshold 
regression model was developed assuming that there 
is no single threshold with IA as the threshold vari
able. If the threshold effect is proved in this model, 
hypothesis H2b will be supported. LR statistic was 
developed for testing the threshold and Bootstrap 
times were set to 300. The results of the test are 
shown in Table 2. 

According to Table 2, the null hypothesis that there 
is no single threshold is accepted. It revealed that 
there is no non-linear relationship between IA and 
TFP, thus H2b is rejected. In other words, the develop
ment of IA in the construction industry in China did 
not meet a turning point during 2002–2017. 

This finding shows a different phenomenon 
between the construction industry and the textile 
industry. Lin et al. (2011) found that an inverted U- 
shape non-linear relationship existed between IA and 
labor productivity in the Chinese textile industry based 
on the panel dataset from 2000 to 2005. The construc
tion industry is characterized as a project-based 

Table 1. Descriptive statistics of variables. 
Variable type Variable name Mean Standard deviation Minimum Maximum  

Dependent variable Total factor productivity (TFP)   0.260   0.127 0.078 0.561 
Independent variable Industrial agglomeration (IA)   0.941   0.385 0.241 2.282 
Control variables Firm scale (FS) 12449 8555 1391 43710 

Market ownership structure (MOS)   0.099   0.064 0.012 0.505 
Specialization structure (SS)   2.161   1.708 0.286 14.545 
Power equipment rate (PER)   6.232   2.710 2.100 27.400 
Management level (ML)   0.039   0.013 0.014 0.086 
Economy development (ED) 33104 23998 3241 129042  
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industry, of which outputs are non-repeatable and 
one-off (J. Zhang et al. 2021a). This essence means 
that the formation of high-level IA may require a long 
time. However, the textile industry can be regarded as 
a raw material-oriented, market-oriented, and labor- 
oriented industry (Lin et al. 2011), therefore the forma
tion of high-level IA may depend on relatively fixed 
production resources which makes the agglomeration 
formation easier than that of the construction indus
try. For example, the location quotient of the textile 
industry in Zhejiang reached 2 in 1997 and even 
reached 2.78 in 2013 based on the same calculation 
method of the current study (Wang 2018), but the 
location quotient of the construction industry in 
Zhejiang reached 2 in 2005 and fluctuated between 2 
during 2005–2017 (see Figure 3). The discrepancy 
between the textile industry and construction industry 
may denote that they have different agglomeration 
life cycle, and the latter may take quite a long time to 
form the large agglomeration effect and cause the 
congestion effect. Therefore, the level of IA in the 
Chinese construction industry may be in an embryonic 
stage, which may not generate a congestion effect. A 

further test is required to support these opinions, and 
the linear regression model will be adopted to test H1 

and H2a in the following section given that H2b 

is rejected. 

The test of hypotheses H1 and H2a: liner 
relationship 

Based on the results of the pooled ordinary least 
square (POLS), Chow test, Lagrange Multiplier test, 
and Hausman test, this study chose the two-way fixed 
effects model (TWFE) as the panel linear regression 
model (Kartikasari and Merianti 2016). Therefore, this 
study applied the two-stage least squares (2SLS) 
regression method to solve the endogeneity problems 
based on TWFE (Wooldridge 2009). Besides, the gener
alized method of moments (GMM) regression method 
was applied to act as a coherence check with the 
results from the 2SLS regression method under the 
existence of autocorrelation and heteroskedasticity in 
the panel model, which will provide greater confi
dence in magnitude and sign of the estimated coeffi
cients. The IPS (Im, Pesaran and Shin) unit root test 

Figure 3. Temporal variation of IA and TFP.  
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and multiple collinearity test were conducted to 
exclude unit root and multicollinearity of variables (Im 
et al. 2003). Table 3 shows that all variables are stable 
and there is no obvious multicollinearity problem 
between variables. 

The results of 2SLS and GMM are reported in Table 
4 and the results of model selection tests are also 
listed for comparison. Without considering endogen
ous problems, the coefficient of IA in the model (4) is 
overestimated because the IA and ED are found as a 

Figure 4. Spatial variation of IA and TFP.  
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pair of endogenetic variables in our test. Besides, the 
nearly consistent results of Model (5) and Model (6) 
also denote the robustness of the results of the 2SLS 
model under the coherence check of GMM. Therefore, 
looking back at Model (5), the positive coefficient of 
the IA basically passes the significance test at the 5% 
level, denoting that IA has a positive impact on TFP in 
the Chinese construction industry from 2002 to 2017. 
More specifically, the coefficient of IA is 0.179, which 
means that when the IA level increases by 1%, the 
TFP will increase 0.179%. Hence, the empirical results 
suggest that the H1 is verified and thus H2a is rejected. 

The empirical results suggest that IA has a positive 
liner impact on TFP, which means that the impact of 
IA on TFP is in the embryonic stage and the agglom
eration effect has been formed. Therefore, due to the 
existence of positive agglomeration externalities and 
the agglomeration life cycle of the construction indus
try, at least in the short term, the government should 
not concern too much about the occurrence of the 
congestion effect and should vigorously formulate 
preferential policies to encourage industrial agglomer
ation in the construction industry. For example, the 
people’s government of Zhejiang province clearly put 
forward the goals of IA in one of the policy docu
ments proposed in 2011: the agglomeration level of 
the construction industry needs to be further 
improved and the output value of the CR60 (i.e. the 
concentration ratio of top 60 firms) need to reach 
40%, and the number of firms whose annual output 
value is more than 10 billion need to exceed 30 (PGZP 
2011). As a result, Zhejiang has become the leading 
province of IA and TFP during the observed period. 

Besides, IA has a positive impact on TFP via know
ledge spillovers, labor marketing pooling, and input- 
output linkages according to the theoretical analysis. 

The illustrations and explanations of the agglomer
ation effect within the construction industry in China 
are described as follows. Taking Jiangsu and Zhejiang 
(the high-level IA areas) and Heilongjiang (the low- 
level IA area) as examples, the average number of 
labors working for the construction industry from 
2002 to 2017 in Jiangsu and Zhejiang are 5.44 million 
and 5.10 million respectively, far higher than that of 
Heilongjiang (0.46 million) (NBSC 2003–2018). The 
above evidence supports the agglomeration effect of 
IA in Zhejiang and Jiangsu, which have formed a large 
labor pool. Moreover, the construction industry is 
linked to the upstream and downstream industries, 
including subcontractors, designers, surveyors, the 
supervisory consultation industry, etc. (Huo et al. 
2020). Similarly, the average number of survey and 
design agencies from 2002 to 2017 in Jiangsu and 
Zhejiang are 1173 and 814 respectively, also higher 
than that in Heilongjiang (326) (NBSC 2003–2018). The 
development of the upstream and downstream indus
tries is booming in Zhejiang and Jiangsu, which 
denotes that the input-output linkages in these prov
inces are closer, thus contributing to the higher TFP. 
Although the knowledge spillovers cannot be 
observed directly, it can lead to technological innov
ation (Z. Wang and N. Wang 2012, Bakar et al. 2016) 
which has been found to maintain the highest level in 
eastern areas of China (Chancellor and Lu 2016). 
Hence, the government and practitioners can promote 
the interaction of construction firms through face-to- 
face meetings, open-day events, shared training, 
etc. to strengthen the exchange of technology and 
management experience, thus maximizing the 
agglomeration advantages of the existing construc
tion industry. 

Of the control variables, in accordance with previ
ous findings (B. Liu et al. 2015, Chen et al. 2017), the 
ES turns out to be a positive influencing factor of TFP. 
This finding suggests that large construction firms 
have advantages in resource relocation and 

Table 3. IPS unit root test and multicollinearity test. 

Variables 

Unit root test 

Multiple collinearity test No-trend of intercept Trend of intercept 

Statistic p-Value Statistic p-Value VIF  

lnTFP   � 2.067   0.0194   � 2.997   0.0014   – 
lnIA   � 0.004   0.4985   � 2.717   0.0033   1.43 
lnFS   � 1.7412   0.0357   � 2.1302   0.0216   5.81 
lnMOS   � 1.5822   0.0568   � 1.1404   0.1271   2.82 
lnSS   � 2.9976   0.0014   � 2.5455   0.0055   1.56 
lnPER   � 2.0648   0.0195   � 1.6333   0.0512   1.36 
lnML   � 1.8549   0.0318   � 2.9666   0.0015   2.77 
lnED   � 1.6955   0.0372   � 2.7363   0.0029   6.67  

Table 2. Threshold effect test (bootstrap ¼ 300). 
Threshold Fstat Prob. Crit10% Crit5% Crit1%  

Single 15.64 0.16 17.65 22.90 34.05  
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innovation. Besides, there is also a positive relationship 
between ED and TFP, which is in line with the finding 
of Chen et al. (2017). Under the support of the local 
government, a developed area tends to provide more 
chances for the construction firms to enhance their 
innovation capability and management skills due to 
the huge demand for construction products, which 
can be illustrated by the construction of the Hong 
Kong-Zhuhai-Macao Bridge in Guangdong province 
(Zhu et al. 2018). However, a negative relationship is 
found between SS and TFP, which is also consistent 
with the finding of Chen et al. (2017). It implies that 
the productivity of general contractors is lower than 
that of subcontractors, thus the specialization of the 
contractors should be emphasized. Thus, some 
support and training should be carried out to encour
age the general contractors to expand their firm 
scale and the subcontractors to promote their skills, 
which requires an effective general contract and sub- 
contract system. 

Conclusions and policy implications 

This study has investigated the impact mechanism of 
IA on TFP at different stages of the agglomeration life 
cycle in the construction industry theoretically and 
conducted an empirical analysis to clarify the relation
ship between IA and TFP based on the provincial 
panel data from 2002 to 2017 in China. It was pro
posed that industrial agglomeration results in both 
the agglomeration effect and congestion effect in the 
construction industry, thus the net industrial agglom
eration effect depends on the competition between 
these two opposite effects. Based on the theoretical 
analysis, IA and TFP were measured based on location 
quotient and the F€are-Primont DEA approach respect
ively and acted as the independent variable and 
dependent variable in the established non-linear 
model and liner regression model. The empirical 
results present a linear positive relationship between 
IA and TFP and the impact of IA on TFP in the 

Table 4. Regression results of IA on the TFP. 
Methods Dependent variable: lnTFP  

(1) (2) (3) (4) (5) (6) 
Variables POLS Fixed effects Radom effects TWFE 2SLS GMM  

Cons � 8.279��� � 8.798��� � 8.503��� � 5.820��� – – 
(� 29.99) (� 26.57) (� 28.76) (� 5.95)   

lnIA 0.056 0.174�� 0.088 0.308��� 0.179�� 0.187���

(0.99) (2.70) (1.33) (3.30) (2.48) (2.62) 
lnFS 0.282��� 0.311��� 0.337��� 0.089 0.242��� 0.243���

(4.80) (3.50) (4.37) (0.83) (3.66) (3.68) 
lnMOS � 0.019 � 0.120� � 0.115�� 0.043 � 0.057 � 0.057 

(� 0.32) (� 1.80) (� 2.36) (0.40) (� 0.93) (� 0.93) 
lnSS 0.136��� � 0.123��� 0.015 � 0.096�� � 0.196��� � 0.203���

(3.18) (� 2.91) (0.34) (� 2.34) (� 4.18) (� 4.37) 
lnML � 0.144 0.121 � 0.005 0.060 0.099 0.095 

(� 1.48) (1.52) (� 0.06) (0.72) (1.64) (1.57) 
lnPER 0.029 0.031 0.045 � 0.020 � 0.035 � 0.036 

(0.63) (0.77) (1.16) (� 0.47) (� 1.31) (� 1.36) 
lnED 0.352��� 0.454��� 0.351��� 0.345��� 0.174��� 0.168��

(4.76) (4.49) (3.54) (3.24) (2.60) (2.51) 
Province fixed effects – Yes Yes Yes Yes Yes 
Year fixed effects – – – Yes Yes Yes 
Province clustering Yes Yes Yes Yes Yes Yes 
Chow test – 0.0000 – – – – 
LM test – – 0.0000 – – – 
Hausman test – Sargan–Hansen statistic 126.868 (0.0000���) – – – 
Joint significance test – – – 0.0000��� – – 
Adj. R2 0.86 0.94 0.94 0.95 0.93 0.93 
Observation 496 496 496 496 434 434 

Tests for 2SLS and GMM 

Under identification test KP-LM statistic ¼ 71.271 p-Value ¼ 0.000< 0.05 
Weak identification test KP-F statistic ¼ 51.601> 8.18 (15% maximal IV size) 
Overidentification test Hansen J statistic ¼ 1.979 p-Value ¼ 0.1595> 0.1 
Endogeneity test Chi-sq(2) ¼ 24.374 p-Value ¼ 0.000< 0.05  

Notes: 1. Beneath each coefficient estimate is the t-statistic based on robust standard errors adjusted for clustering by province which is robust under 
heteroscedasticity and autocorrelation. 2. Chow test is a test with the null hypothesis that all di¼0. 3. LM test is for individual heterogeneity with the 
null hypothesis that rd

2¼0. 4. Hausman test under clustering standard errors has the null hypothesis of irrelevance between individual heterogeneity 
(di) and explanatory variables. 5. The null hypothesis of the joint significance test of annual dummy variables is no time-fixed effect. 6. Under identifica
tion test’s null hypothesis is that the equation is under identified. 7. If KP-F statistic of weak identification test is bigger than Stock–Yogo weak ID test 
critical values of 15% maximal IV size, then excluded instruments are correlated with the endogenous regressors. 8. The null hypothesis of overidentifica
tion test is that the excluded instruments are exogenous (i.e. uncorrelated with error terms). 9. The null hypothesis of endogeneity test is that the speci
fied endogenous regressors are exogenous. 10. ���, ��, � each denotes statistical significance at the 1% level, 5% level and 10% level, respectively.
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Chinese construction industry is in the embryonic 
stage of the agglomeration life cycle. Besides, the firm 
scale and economic development level are beneficial 
to the improvement of TFP, whereas the effect of spe
cialization structure is negative. 

The findings of this study have contributed to the 
existing knowledge in three aspects. Firstly, unlike pre
vious studies which ignored the impact of IA on TFP, 
this study has extended the TFP research from the 
manufacturing industry, textile industry, tourism, etc. 
to the construction industry through the investigation 
of the impact of IA. Secondly, this study further devel
oped the hypotheses of the relationship between IA 
and TFP based on the competing results of the 
agglomeration effect and congestion effect of IA, 
which further clarified the relationship between IA and 
TFP. Moreover, this study applied the threshold model 
to test the non-linear relationship between IA and 
TFP, which has extended the application of this model 
to the construction industry. 

Our findings also provide some important policy 
implications to make the best use of IA as the engine 
of the improvement of TFP in the embryonic stage of 
IA in the Chinese construction industry. Firstly, the 
government should encourage the agglomeration of 
construction firms to improve the TFP, such as the 
introduction of the industrial park, tax incentives for 
the start-ups, and encouragement of cooperation of 
the top firms and new firms. Secondly, the govern
ment and practitioners can promote the interaction of 
construction firms to maximize the agglomeration 
effect of the existing construction industry. Besides, 
some support and training should be carried out to 
encourage the general contractors to expand their 
firm scale and the subcontractors to promote 
their skills. 

Since agglomeration diseconomies may occur as 
the level of IA increases to a certain degree, the 
government should note this possibility, especially in 
the eastern coastal area. Thus, firstly, the provincial 
government needs to monitor the agglomeration 
status of each province, especially the eastern 
coastal area. Once the agglomeration diseconomies 
appear, it is a signal for the central government 
that the impact of IA on TFP of the Chinese con
struction industry will gradually enter the recession 
stage. The provincial government and central gov
ernment need to make a prevention plan to lower 
the industrial agglomeration level or lower the con
gestion effect brought by the industrial agglomer
ation. For example, to disperse the construction 
firms to other provinces to lower the industrial 

agglomeration or to improve the traffic infrastructure 
to lower the congestion effect. 

Although some new insights have been provided, 
this study is limited in the following aspects. Firstly, 
regarding the input indicator for TFP, this study 
takes labor and capital into consideration and 
ignores such inputs as materials and energy due to 
data availability. Although such conduct was 
adopted and deemed acceptable by many relevant 
studies (Chancellor and Lu 2016, Y. Wang et al. 
2020), future study is recommended to include these 
indicators to calculate the input of TFP and use 
total output value to calculate the output when the 
data is available. And the measurement of TFP in 
China can only cover 2002–2017 due to the data 
availability, but the following research will be con
ducted to test whether the development of IA has 
met the turning point once the relevant data is 
available. Secondly, the total value added is used to 
calculate the dependent variable and is also used to 
calculate the independent variable and two control 
variables in the regression model. Although by using 
DEA, the dependent variable is measured by a dis
tance between a decision-making unit and the enve
lope formed by all decision-making units based on 
the evaluation model, thus helps avoid the problem 
of fake correlation to some extent, future study is 
recommended to change the relevant variables to 
avoid the possible problem. Thirdly, based on Figure 
3, we could infer that different provinces and even 
different countries may be in different stages of the 
development of IA, thus some systematic compari
sons between the eastern, central, and western 
regions in China suggested by Luo et al. (2019) will 
be conducted and further exploration on the antece
dents of IA is needed to explain the difference of IA 
in different regions. Fourthly, the policy is an 
important influence factor on TFP. Although we 
treated the impact of policy on TFP as indirect, 
assuming that the policy influences the TFP by influ
encing other factors, such as management level, 
market structure, economic development, etc., and 
tried to eliminate the impact of policy by controlling 
these factors in the study, the relationship between 
policies and control variables mentioned above may 
have an impact on TFP. Moreover, the other control 
variables viewed from the demand side, such as the 
consumer price index and the number of contracts, 
can be added to the regression model. Thus, future 
studies can explore the relationships between the 
policy, more control variables, and TFP. 
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Notes 

1. Power refers to the amount of work done (W) by the 
object in unit time (T), that is, power is a physical 
quantity describing the speed of work done, calculated 
with the equation P¼W/T. Total power of machinery 
and equipment refers to the sum of the rated power 
that the firm’s owned construction machinery, 
production equipment, transportation equipment, and 
other equipment (as the registered fixed assets) have 
produced. This data is collected and counted by the 
National Bureau of Statistics of China (NBSC). 

2. The Chinese government evaluated the construction 
firms’ qualifications based on their labor level, 
management level, financial level, equipment level, 
construction capabilities, and performance, and then 
classified the qualified firms into four classes. Class 1 is 
the top class, and Class 4 is the lowest class. Before 
2002, the China Statistical Yearbook only collected data 
of the construction firms with qualification criteria at or 
above Class 4, meaning that only the data of the 
qualified firms are collected and analyzed. After 2002, 
the data collected covers all the general contractors and 
subcontractors firms, including both the qualified firms 
and the unqualified ones. 

3. There are 34 provinces in China, including 31 provinces 
in Mainland China, and three special administration 
regions, including Hongkong, Macao, and Taiwan. 
Hongkong, Macao, and Taiwan have different statistical 
systems compared with Mainland China. Thus, the 
“China Statistical Yearbook” and “China Statistical 
Yearbook on Construction” do not cover Hongkong, 
Macao, and Taiwan, which makes the data about these 
three provinces poor. 

Funding 

This work was supported by the State Key Laboratory of 
Subtropical Building Science, South China University of 
Technology, China under Grant [2021ZB15 and 2021ZB21]. 

References 

Arditi, D., and Mochtar, K., 2000. Trends in productivity 
improvement in the US construction industry. Construction 
management and economics, 18 (1), 15–27. 

Azman, M.A., et al., 2019. A meta-frontier method of decom
posing long-term construction productivity components 
and technological gaps at the firm level: evidence from 
Malaysia. Construction management and economics, 37 (2), 
72–88. 

Azman, M.A., et al., 2021. Product diversification and large 
construction firm productivity: the effect of institutional 
environments in Malaysia. Engineering, construction and 
architectural management, 28 (4), 994–1013. 

Azman, M.A., et al., 2022. Internationalisation and productiv
ity of construction firms in a developing country: the 
effect of institutional environment and ownership on 
Malaysian construction firms. Journal of management in 
engineering, 38 (1), 04021081. 

Bakar, A.H.A., et al., 2016. Effect of knowledge management 
on growth performance in construction industry. 
Management decision, 54 (3), 735–749. 

Batisse, C., 2002. Dynamic externalities and local growth: a 
panel data analysis applied to Chinese provinces. China 
economic review, 13 (2–3), 231–251. 

Broersma, L., and van Dijk, J., 2008. The effect of congestion 
and agglomeration on multifactor productivity growth in 
Dutch regions. Journal of economic geography, 8 (2), 
181–209. 

Chancellor, W., and Lu, W., 2016. A regional and provincial 
productivity analysis of the Chinese construction industry: 
1995 to 2012. Journal of construction engineering and 
management, 142 (11), 05016013. 

Chen, Y., et al., 2017. Spatial analysis of change trend and 
influencing factors of total factor productivity in China’s 
regional construction industry. Applied economics, 50 (25), 
2824–2843. 

Combes, P., and Duranton, G., 2006. Labour pooling, labour 
poaching, and spatial clustering. Regional science and 
urban economics, 36 (1), 1–28. 

Connell, J., Kriz, A., and Thorpe, M., 2014. Industry clusters: 
an antidote for knowledge sharing and collaborative 
innovation? Journal of knowledge management, 18 (1), 
137–151. 

El-Gohary, K.M., and Aziz, R.F., 2014. Factors influencing con
struction labor productivity in Egypt. Journal of manage
ment in engineering, 30 (1), 1–9. 

Ellison, G., and Glaeser, E.L., 1997. Geographic concentration 
in U.S. manufacturing industries: a dartboard approach. 
Journal of political economy, 105 (5), 889–927. 

Hansen, B.E., 1999. Threshold effects in non-dynamic panels: 
estimation, testing, and inference. Journal of econometrics, 
93 (2), 345–368. 

Hasan, A., et al., 2018. Factors affecting construction product
ivity: a 30 year systematic review. Engineering, construction 
and architectural management, 25 (7), 916–937. 

Higgins, C.D., et al., 2019. Accessibility, air pollution, and con
gestion: capturing spatial trade-offs from agglomeration 
in the property market. Land use policy, 84, 177–191. 

Hirshman, A.O., 1964. The paternity of an index. American 
economic review, 54, 761–762. 

Hu, C., Xu, Z., and Yashiro, N., 2015. Agglomeration and 
productivity in China: firm level evidence. China economic 
review, 33, 50–66. 

Hu, X., and Liu, C., 2017. Total factor productivity measure
ment with carbon reduction. Engineering, construction and 
architectural management, 24 (4), 575–592. 

Huo, T., et al., 2020. Provincial total-factor energy efficiency 
considering floor space under construction: an empirical 
analysis of China’s construction industry. Journal of cleaner 
production, 244, 118749. 

Im, K.S., Pesaran, M.H., and Shin, Y., 2003. Testing for unit 
roots in heterogeneous panels. Journal of econometrics, 
115 (1), 53–74. 

Jacobs, J., 1969. The economy of cities. New York: Random 
House. 

Kartikasari, D., and Merianti, M., 2016. The effect of leverage 
and firm size to profitability of public. International 
Journal of Economics and Financial Issues, 6 (2), 409–413. 

CONSTRUCTION MANAGEMENT AND ECONOMICS 335 



Kim, Y.R., et al., 2021. Spatial spillovers of agglomeration 
economies and productivity in the tourism industry: the 
case of the UK. Tourism management, 82, 104201. 

Lall, S.V., Shalizi, Z., and Deichmann, U., 2004. Agglomeration 
economies and productivity in Indian industry. Journal of 
development economics, 73 (2), 643–673. 

Liao, Y., 2010. The concentration ratio of China construction 
industry market. In: 2010 International conference on man
agement and service science. Presented at the 2010 inter
national conference on management and service science 
(MASS 2010). Wuhan, China: IEEE, 1–4. 

Lin, H.-L., Li, H.-Y., and Yang, C.-H., 2011. Agglomeration and 
productivity: firm-level evidence from China’s textile 
industry. China economic review, 22 (3), 313–329. 

Liu, B., et al., 2015. Different interaction mechanisms of mar
ket structure in the construction industry TFP from the 
spatial perspective: a case study in China. KSCE journal of 
civil engineering, 20 (1), 23–33. 

Liu, J., Cheng, Z., and Zhang, H., 2017. Does industrial 
agglomeration promote the increase of energy efficiency 
in China? Journal of cleaner production, 164, 30–37. 

Liu, X., and Zhang, X., 2021. Industrial agglomeration, 
technological innovation and carbon productivity: evi
dence from China. Resources, conservation and recycling, 
166, 105330. 

Luo, M., Fan, H., and Liu, G., 2019. Measuring regional differ
ences of construction productive efficiency in China: a dis
tance friction minimization approach. Engineering, 
construction and architectural management, 27 (4), 
952–974. 

Marshall, A., 1890. Principles of economics. London: 
Macmillan. 

McCloughan, P., 2004. Construction sector concentration: 
evidence from Britain. Construction management and eco
nomics, 22 (9), 979–990. 

National Bureau of Statistics of China (NBSC), 2003–2018. 
China statistical yearbook. http://www.stats.gov.cn/. 

National Bureau of Statistics of China (NBSC), 2021. China 
statistical yearbook. http://www.stats.gov.cn/. 

O’Donnell, C.J., 2012. An aggregate quantity framework for 
measuring and decomposing productivity change. Journal 
of productivity analysis, 38 (3), 255–272. 

O’Donnell, C.J., 2014. Econometric estimation of distance 
functions and associated measures of productivity and 
efficiency change. Journal of productivity analysis, 41, 
187–200. 

Pathirage, C.P., Amaratunga, D.G., and Haigh, R.P., 2007. Tacit 
knowledge and organisational performance: construction 
industry perspective. Journal of knowledge management, 
11 (1), 115–126. 

People’s Government of Zhejiang Province (PGZP), 2011. 
Opinions of the People’s Government of Zhejiang 
Province on accelerating the transformation and upgrad
ing of the construction industry and further promoting 
the construction of a strong construction province. http:// 
www.zj.gov.cn/art/2012/7/14/art_1229019364_63273.html. 
[In Chinese]. 

Potter, A., and Watts, H.D., 2011. Evolutionary agglomeration 
theory: increasing returns, diminishing returns, and the 
industry life cycle. Journal of economic geography, 11 (3), 
417–455. 

Rivera, L., Sheffi, Y., and Welsch, R., 2014. Logistics agglomer
ation in the US. Transportation research part A: policy and 
practice, 59, 222–238. 

Rizov, M., Oskam, A., and Walsh, P., 2012. Is there a limit to 
agglomeration? Evidence from productivity of Dutch firms. 
Regional science and urban economics, 42 (4), 595–606. 

Ruddock, L., and Ruddock, S., 2011. Evaluation of trends in 
the UK construction industry using growth and productiv
ity accounts. Construction management and economics, 29 
(12), 1229–1239. 

Tan, D., Wang, G.B., and Cao, D.P., 2015. Growth characteris
tics and impacting factors of the total factor productivity 
in the construction industry. Tongji Daxue Xuebao/journal 
of Tongji university, 43 (12), 1901–1907. [In Chinese]. 

Tan, W., 2000. Total factor productivity in Singapore 
construction. Engineering, construction and architectural 
management, 7 (2), 154–158. 

Ushifusa, Y., and Tomohara, A., 2013. Productivity and Labor 
density: agglomeration effects over time. Atlantic eco
nomic journal, 41 (2), 123–132. 

Vogl, B., and Abdel-Wahab, M., 2015. Measuring the con
struction industry’s productivity performance: critique of 
international productivity comparisons at industry level. 
Journal of construction engineering and management, 
141 (4), 04014085. 

Wang, X., et al., 2013. A total factor productivity measure for 
the construction industry and analysis of its spatial differ
ence: a case study in China. Construction management 
and economics, 31 (10), 1059–1071. 

Wang, Y., 2018. Analysis on the Relationship between Export 
Trade and Industrial Agglomeration of Textile Industry in 
Zhejiang Province. Journal of Xiangnan University, 39 (02), 
47–52. 

Wang, Y., et al., 2020. Total factor productivity growth and 
its contribution: lessons from the Chinese construction 
industry pre- and post-2008 financial crisis. Engineering, 
construction and architectural management, 27 (10), 
2911–2929. 

Wang, Y., et al., 2021. Total factor productivity growth and 
its decomposition in the Chinese construction industry 
since China’s accession to the World Trade Organization. 
Engineering, construction and architectural management, 
29 (3), 1258–1283. 

Wang, Z., and Wang, N., 2012. Knowledge sharing, innov
ation and firm performance. Expert systems with applica
tions, 39 (10), 8899–8908. 

Widodo, W., Salim, R., and Bloch, H., 2014. Agglomeration 
economies and productivity growth in manufacturing 
industry: empirical evidence from Indonesia. Economic 
record, 90, 41–58. 

Wooldridge, J. M., 2009. Introductory econometrics: a modern 
approach. Singapore: Cengage Learning. 

Xue, X., et al., 2008. Measuring the productivity of the con
struction industry in china by using DEA-based Malmquist 
productivity indices. Journal of construction engineering 
and management, 134 (1), 64–71. 

Yang, Y., 2016. Agglomeration density and labor productivity 
in China’s tourism industry: agglomeration density and 
labor productivity. International journal of tourism research, 
18 (5), 434–446. 

336 Y. WANG ET AL. 

http://www.stats.gov.cn/
http://www.stats.gov.cn/
http://www.zj.gov.cn/art/2012/7/14/art_1229019364_63273.html
http://www.zj.gov.cn/art/2012/7/14/art_1229019364_63273.html


Ye, G., et al., 2019. Impact of migrant workers on total factor 
productivity in Chinese construction industry. 
Sustainability, 11 (3), 926. 

Ying, F., Tookey, J., and Seadon, J., 2018. Measuring the 
invisible: a key performance indicator for managing con
struction logistics performance. Benchmarking: an inter
national journal, 25 (6), 1921–1934. 

Yuan, F., Tang, M., and Hong, J., 2020a. Efficiency estimation 
and reduction potential of the Chinese construction 
industry via SE-DEA and artificial neural network. 
Engineering, construction and architectural management, 
27 (7), 1533–1552. 

Yuan, H., et al., 2020b. How does manufacturing agglomer
ation affect green economic efficiency? Energy economics, 
92, 104944. 

Zeng, S.X., Chen, H.M., and Tam, C.M., 2005. Market structure 
of the construction industry of China. Architectural science 
review, 48 (4), 367–375. 

Zhan, W., and Pan, W., 2020. Formulating systemic construc
tion productivity enhancement strategies. Journal of con
struction engineering and management, 146 (8), 05020008. 

Zhang, J., et al., 2021a. Influence of agglomeration and selec
tion effects on the Chinese construction industry. 
Proceedings of the institution of civil engineers - engineering 
sustainability, 174 (1), 9–22. 

Zhang, Y., Wang, Y., and Yao, H., 2021b. How does the 
embeddedness of relational behaviours in contractual 
relations influence inter-organisational trust in construc
tion projects? Engineering, construction and architectural 
management, 29 (1), 222–244. 

Zhao, Z.-Y., et al., 2017. Agglomeration and competitive pos
ition of contractors in the international construction sec
tor. Journal of construction engineering and management, 
143 (6), 04017004. 

Zheng, Q., and Lin, B., 2018. Impact of industrial agglomer
ation on energy efficiency in China’s paper industry. 
Journal of cleaner production, 184, 1072–1080. 

Zhu, Y., Zhang, J., and Gao, X., 2018. Construction manage
ment and technical innovation of the main project of 
Hong Kong–Zhuhai–Macao Bridge. Frontiers of engineering 
management, 5(1), 128–132  

CONSTRUCTION MANAGEMENT AND ECONOMICS 337 


	Abstract
	Introduction
	Literature review and hypotheses development
	Industrial agglomeration: concept and measurement
	Total factor productivity: concept and measurement
	The effect of industrial agglomeration on total factor productivity in the construction industry
	Agglomeration effect of industrial agglomeration in the construction industry
	Congestion effect of industrial agglomeration in the construction industry
	The competing results of the agglomeration effect and congestion effect


	Methods and data
	Regression model
	Non-linear regression model
	Linear regression model

	Variables
	Dependent variable: total factor productivity (TFP)
	Independent variable: industrial agglomeration (IA)
	Control variables

	Data source

	Results and discussions
	The test of hypothesis H2b: non-linear relationship
	The test of hypotheses H1 and H2a: liner relationship

	Conclusions and policy implications
	Funding
	References


